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ABSTRACT 
 
SU ZHANG 
Land Use/ Land Cover Change in Orange County, North Carolina from 1955 to 
2001 
(Under the direction of Professor Conghe Song) 
 
Land use/land cover change (LULCC) has significant implications in terrestrial 
ecosystem goods and services. Current studies on LULCC are primarily based on space-
borne satellite images. These studies are limited by the data availability. In this study, I 
extend the land-use land cover change analysis back to 1955 for Orange County, North 
Carolina based on historical aerial photos. I also analyzed  the spatial configuration of the 
landscapes based on pattern matrix analysis and geospatial analysis. Results show that the 
urban area increased from 11.31 km2 to 128.15 km2 from; the agricultural area decreased 
from 335.53 km2 to 259.81 km2; the forest area decreased from 676.95 km2 to 632.45 km2. 
The LULCC change is associated with land configuration and composition changes. 
Pattern metrics analysis shows that in 2001, Orange County has more scattered land use 
patches and smaller patch sizes than in 1955 and 1975. Semi-vairograms generated for 
conifer and hardwoods are changing both in shape and the key characteristic parameters 
with time. These results can provide essential information for land management and 
planning to achieve sustainable development of Orange County in the future.  
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INTRODUCTION 
 
 
Land use/land cover change (LULCC) is described as a general term for the 
modification of Earth's terrestrial surface due to human activities (DeFries et al, 2004). In 
many instances, the terms “land use” and “land cover” are exchangeable. But there are 
differences between them. Land use refers to how land is used by humans, and it refers to 
the economic use to which land is put. On the other hand, Land Cover refers to the 
vegetation, structures, or other features that cover the land (Lambin et al., 2001).  Two 
Land parcels may have similar land cover, but different land use, and two land parcels 
that have similar land use may have different land cover (Fox et al., 2005). Monitoring 
land use/ land cover changes over the Orange County, North Carolina provide critical 
information for development, planning, policy making and decisions of public and private 
organizations in this area (Tomas et al., 2009). The detection of land use change in the 
same area throughout different periods is also essential to the environment protection 
programs and integrated modeling and assessment of environmental issues in general as 
well as sustainable development (Al-Bakri et al., 2001). LULCC can also impact the 
regional social and economic development and global environmental changes (Loveland 
et al., 1991). LULCC could also show a visible result of the impact of human activities on 
the terrestrial ecosystem (Weng, 2002). 
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Historical aerial photos are important source of data available that provide 
LULCC information before satellite images are available. Aerial photos usually have a 
high spatial resolution. Hathout (2002) used aerial photographs taken in 1960 and 1989 
(1m×1m), and GIS to analyze LULCC information in East and West St Paul, Winnipeg, 
Manitoba, Canada, and found there was a high rate of urbanization in study area during 
the 29 years. A Markov Chain was used to predict the rate of urban increase. Cousins 
(2001) used non-geometric cadastral maps from the 17th and 18th century, together with 
aerial photographs from 1945 and 1981(1m×1m), to analyze LULCC in southeast 
Sweden. 
 
Space borne satellites images have been used to map land use/ land cover change 
since the 1970’s. The location and rate of change can be derived from the images (Pathan 
et al., 1993). The LULCC information in an area throughout the study period can help 
analyze the extent and degrees of changes. The LULCC information can be mapped by 
Geographic Information Systems (GIS). The maps are produced from remotely sensed 
images including satellite images and aerial photos. Different methods can be used to 
perform land use/ land cover change analysis. The images are first classified using 
appropriate methods, and post-classification method using multi-temporal satellite 
images is a common land use/ land cover change detection method at the regional scale 
(Chen, 2002). The results of LULCC can provide the rates at which changes occur and 
the consequences for researchers and policy-makers (Riebsame, 1994). 
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Numerous researches have been carried out by utilizing different LULCC 
detection methods and algorithms using different sets of remotely sensed data. Lambin 
(1997) reviewed the methods and approaches to the monitoring and modeling of 
deforestation and dry land degradation in tropical regions. Aerial photos and multi-
resolution remote sensing images are used in the LULCC analysis. 
Aerial photos have been widely used in the LULCC analysis, and they are 
important data source before space borne remote sensing images are available. Adeniyi 
(1980) used black-and-white aerial photos taken in 1962 and 1974 to analyze LULCC in 
Lagos, Nigeria, and found decrease in forest and increase in urban area. Henderson and 
Walsh (1995) used aerial photos taken from 1938 to 1982, and chose 5 intensive study 
sites to analyze the LULCC in Orange County, North Carolina. They found there were 
decreases in agricultural land, and increases in forest and urban area. Kammerbauer et al. 
(1999) used aerial photos taken in 1955, 1975 and 1995 to analyze LULCC in a typical 
watershed in the hillside region of central Honduras. Mertens et al. (2000) used black-
and-white aerial photos taken in 1979 and 1993 to analyze deforestation in southern 
Cameroon. Olsson et al. (2000) used black and white photos taken in 1960 and 1993 to 
analyze the landscape change patterns in Mid-Norway. Lopez et al. (2001) used 
sequential black and white aerial photos (1960, 1975 and1990) to derive the LULCC 
information in Morelia City, Mexico. Fensham et al. (2003) used aerial photos taken in 
1948 and 1988 to assess woody vegetation cover change in north-west Australian 
savanna. Poyatos et al. (2003) used aerial photos taken in 1957 and 1996 to derive 
LULCC information in Cal Rodo catchment, Spain. Pauleit et al. (2005) used aerial 
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photos taken in 1975 and 2000 to analyze the environmental impacts of LULCC in 
Merseyside, UK. 
 
SPOT (Satellite Pour l'Observation de la Terre) is a high-resolution, optical 
imaging Earth observation satellite system operating from space. It is run by Spot Image 
based in Toulouse, France. SPOT 1, 2, 3 have a spatial resolution of 10m (panchromatic 
band) or 20m (G, R, NIR band). SPOT 4, 5 have a higher spatial resolution. Ehlers et. al 
(1990) used merged SPOT multispectral and panchromatic to estimate LULCC 
information and regional growth patterns and the method showed high accuracy for 
growth detection. Treitz et al. (1992) used SPOT HRV multispectral and panchromatic 
images to asses LULCC in the rural-urban fringe of Toronto, Canada, the matrix-overlay 
analysis was used to derive the land-cover and land-use map. Al-Bakri et al. (2001) used 
black and white aerial photographs and SPOT PAN Satellite imagery, which was 
digitally merged with Landsat TM, to assess the land use change at four sites within the 
Badia transition zone of Jordan, and the main changes are from rangeland to cultivation, 
irrigated fields and urban settlements. 
 
The first Landsat series satellite was launched in 1972. Images from Landsat 
satellites changed LULCC studies, particularly the Thematic Mapper sensors, which have 
a 30m×30m spatial resolution. Landsat satellite images are widely used in various 
LULCC analyses. Mas et al. (1999) used 6 different land change detection methods and 
Landsat images to assess LULCC information in Terminos Lagoon,  Mexico. Post-
classification comparison was the most accurate method among the 6 methods, and  can 
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give information about the nature of the changes. Ji et al. (2001) used Landsat TM 
images during 1989-1997 to examine the scope and the rate of urban expansion in China 
since the rapid economic development. The LULCC patterns showed that fastest urban 
development happened in southern and coastal areas, and the rate of urban expansion was 
30% per year. Monica et. al (2001) used Landsat TM images to estimate LULCC 
information in a rural cultural landscape in South Africa and found change trends 
including the growth of human settlements and the decrease in woodland cover. Rhonda 
et al. (2001) used Landsat TM images to assess the LULCC patterns between 1975 and 
1992 in Detroit, Michigan. The land use change pattern was associated with census data, 
and showed strong relationships between social, economic, and demographic data and 
vegetation change in Detroit. The research showed that the census data can be combined 
with LULCC map to better understand the process of urban expansion. Walsh et al. (2001) 
used Landsat TM images to perform the LULCC analysis and used multiple regression 
models to relate social-economical parameters with NDVI and successfully explained the 
variance of social-economic parameters. Weng (2001) used Landsat images with GIS 
based approaches to estimate LULCC in Guangdong Province and found the uneven 
urban growth in Guangdong Province. The surface radiant temperature increase in the 
urban area was also found to relate with urban growth. Chen (2002) used Landsat TM 
satellite images to derive the land cover change in west coastal zone of Korea and 
analyzed the drivers of natural forces and human activities. Seto et al. (2002) used 
Landsat TM images to derive LULCC information in Pearl River Delta, China between 
1988 and 1996, and found there was a high rate of increase (30%) in the urban area 
during the 8 years. Turker et. al (2002) used Landsat TM images to derive LULCC 
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information in Ankara, Turkey during 1985-1995, and found a significant urban 
expansion during the 10 years. Weng (2002) used Landsat TM images to analyze LULCC 
in Pearl River Delta of China from 1989-1997 and found that there was a rapid urban 
growth and a great decrease in cropland due to the fast economic growth in Pearl River 
Delta area. Yang et al. (2002) used a time series of Landsat MSS and TM images to 
analyze the LULCC patterns in the Atlanta, Georgia metropolitan area from 1975 to 2000. 
A post-classification comparison was used to derive a map of spatial dynamics of 
LULCC. The results showed that there was a major loss of forest and urban sprawl due to 
rapid urban growth. Applegate et al. (2003) used Landsat TM images to assess LULCC 
information in east Kansas from 1984-2000 and found a significant increase in open 
water, a decline in cropland, and an increase in grassland due to loss of habitat. Meyer et 
al. (2004) used Landsat 7 ETM+ data to derive the LULCC information in Eastern 
Coastal Mexico. Foley (2005) used LULCC information from Landsat TM images to 
explore the global consequence of land use. Croplands, pastures, plantations, and urban 
areas expanded in recent decades to meet the demands of rapidly increasing population 
globally, as a result causing rapid loss of biodiversity. Liu et el. (2005) used Landsat TM 
and ETM+ images to estimate the LULCC information in China from 1990 to 2000, and 
found a rapid urban land increase during that period. Urban expansion had different 
spatial and temporal patterns, the driving forces for LULCC in China can be mainly 
attributed to demographic change, economic growth, and changes in land use policies and 
regulations. Pielke (2005) used Landsat TM images to perform the LULCC analysis in 
Florida and showed strong relationships between LULCC and global climate change 
because LULCC can modify the surface fluxes of heat and water vapor. Schneider et. al. 
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(2005) used Landsat MSS, TM, and ETM+ images to analyze LULCC in Chengdu, 
China, and found that the urbanized area increased by more than 350% between 1978 and 
2002, and the LULCC patterns were related to economic, land, and housing market 
reform and the driving forces were also analyzed, such as foreign direct investment (FDI). 
Wu et al. (2006) used Landsat TM images to assess LULCC information in Beijing from 
1986-2001 and found that there was uneven urban growth in Beijing and a major loss of 
cropland between 1986 and 2001, and Markov chains and regression analyses can be 
used to predict land use change. Xiao et al. (2006) used Landsat TM images to estimate 
the LULCC information in Shijiazhuang, China from 1987 to 2001 and found fast urban 
expansion during the research period, and the population, traffic conditions, 
industrialization, and policy were the major factors that influenced the urban expansion. 
Zhao et al. (2006) used Landsat TM images to assess the land use change in North Asia 
and found a rapid change from forest to farmland from 1970-2005 and the change is due 
to agricultural intensification, deforestation, and population growth. Fan et al. (2007) 
used Landsat TM/ETM+ images to derive LULCC information during 1998 and 2003 in 
Guangzhou, China, and the LULCC conversion matrix was calculated to indicate that the 
most significant change was the urban expansion and cropland loss, and Forest land 
changed to croplands to compensate for the loss of croplands. Sergio (2007) used Landsat 
TM images to estimate land use/cover change in Ciudad Juárez, Mexico and derived the 
commercial, industrial, and residential changes from 1990-2005. Geymen et al. (2008) 
used Landsat TM and Landsat GeoCover LC satellite images to derive LULCC 
information in Istanbul metropolitan area between 1990 and 2005. The results showed a 
rapid urban growth during the 15 years, and the main driver was population migration 
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into this area. Vaclavik (2008) used Landsat Multispectral Scanner (MSS) and Enhanced 
Thematic Mapper (ETM+) images for change detection analysis in Olomouc region, 
Czech Republic and showed significant changes in agricultural areas, forested areas, and 
residential development from 1976-2001. Liu et al. (2009) used Landsat TM images to 
derive LULCC information in the upper reaches of Minjiang River, China, from 1974 to 
2000, and found that forestland decreased from 1974 to 2000 due to deforestation, while 
grassland, shrub, farmland and settlement land increased. Tomas et al. (2009) used 
Landsat TM images to derive LULCC information on the northern part of Madison 
County, Alabama and there is a major increase in the urbanization and industrial 
development and a decrease in the pastures. 
 
The Advanced Very High Resolution Radiometer (AVHRR) is a space-borne 
sensor embarked on the National Oceanic and Atmospheric Administration (NOAA) 
family of polar orbiting platforms (POES). AVHRR was launched in 1981 and has a 
spatial resolution of 1.1×1.1km at nadir. Tucker et al. (1991) used AVHRR images to 
estimate the expansion of Sahara desert from 1980-1990 and found that there was an 
increase of 1,300,000 square kilometers of desert area. Foody et al. (1999) used AVHRR 
images to estimate the LULCC information around Sahara desert. They compared the 
conventional post-classification with fuzzy classification and concluded that conventional 
post-classification had limitations in LULCC analysis such as only indicating land-cover 
conversions, and ignores or misrepresent land cover changes, especially sub-pixel scale 
transformation. Further, they found that fuzzy classification can produce a better degree 
of information on LULCC.  Ryavec. (2001) used land use map and 1.1 km AVHRR to 
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estimate the land use/cover change in central Tibet from 1830 to 1990 and found 
significant increase in the cultivated land during the 160 years. Stow (2002) used 
AVHRR images to estimate LULCC information in southern California, and found that 
almost all AVHRR pixels containing land-use/land-cover changes were mixed with non-
change areas, even in the case that the extent of changed areas was greater than the 1.1 
km2 ground sampling area of AVHRR. That shows AVHRR is not suitable for local scale 
LULCC analysis.  Silva et al. (2004) used AVHRR 14 satellite to estimate LULCC 
information of natural disturbances in Puerto Rico resulting from hurricane Georges in 
September 1998 and found that a statistically significant relationship existed between 
distance to the location affected by the hurricane and the extent of changes in NDVI. 
AVHRR has a coarse spatial resolution and only the images after 1981 are available, 
therefore, AVHRR is suitable for global scale LULCC analysis, and AVHRR is not 
suitable for LULCC in Orange County, North Carolina. 
 
Other remote sensing sensors, such as Synthetic-aperture radar (SAR) images are 
also used in LULCC. Henderson et al. (1997) reviewed the applications of SAR in 
monitoring urban land use change patterns. Grey et al. (2003) used SAR images to 
conduct LULCC analysis in south Wales, and major building developments within the 
study area were detected, smaller developments were not consistently identified. SAR 
image acquisition and processing is complex and expensive, and SAR can provide 3-D 
information of the study area thus it is can be used especially in the 3-D analysis.  
Because no SAR data is available back to the 1950s, SAR images cannot be used in this 
study. 
 10 
 
The limitation for LULCC before 1970s is that before the satellite images are 
available, only aerial photos can be used for LULCC. In this research, aerial photos taken 
in 1955, 1975 and 1993 are combined with Landsat images taken in 2001 to perform 
LULCC analysis in Orange County 1955. The integration helps derive LULCC 
information during 1955 and 2001, which has a range of 46 years. 
 
Change detection can represent the area and location of land use/land cover 
change. And the pattern metrics analysis can represent the spatial configuration and 
dynamic patterns of land use/land cover change. Pattern metrics are widely used in the 
LULCC analysis. Messina et al. (2000, 2001) used Landsat TM images to derive LULCC 
information and scale dependent pattern metrics in the Ecuadorian Amazon area from 
1986-1999 , and the spatial patterns were analyzed and defined, which helped understand 
the regional temporal trends. Walsh et al. (2001), Crews-Meyer (2002) used Landsat TM 
images to derive LULCC information and pattern matrix from 1972-1985 in Non Suwan 
District, northeast Thailand, and found some pattern metrics are strongly related with 
ecological gradients and anecdotal information. Herold et al. (2005) used Landsat images 
to derive the pattern metrics in the urban area of Santa Barbara, California to improve the 
understanding and representation of urban dynamics. 
 
The pattern metrics analysis can show the spatial configuration and dynamic 
pattern of each class in Orange County, however, for the forests which remained as the 
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same class from 1955 to 2001, the change of the properties of the forests cannot be 
represented by pattern metrics analysis. Semi-variogram, which is the corner stone of 
geostatistics, can be used to extract information from the remote sensed images (Webster 
et. al, 2007). Semi-variograms is useful in the spatial analysis, and can provide important 
information on the spatial organization of image. And semi-variogram can provide key 
spatial information on the forests (crown size, forest density, etc) which experienced 
primary succession (Woodcock et al, 1988).  Woodcock et al. (1987) estimated local 
variance at different resolutions and showed that spatial structure was related with size 
and spatial relationships of the objects the image contained. Woodcock et al. (1988a, b) 
linked semi-variograms with remotely sensed images and discussed the relationship 
between semi-variograms and spatial patterns of images. Rossi (1992) used semi-
variograms to capture the spatial patterns of nominal ecological variables and spatial 
dependence. Collins et al. (1999) estimated variance at different resolutions and 
discussed the relationship between variance and spatial resolution. Garrigues et al. (2006) 
use SPOT-HRV images to derive the semi-variogram of NDVI data in order to 
characterize and quantify the spatial heterogeneity of landscape vegetation cover. 
 
The primary objective of this research is to use aerial photos taken in 1955, 1975, 
1993 and National Land Cover Dataset (NLCD) 2001 to quantify, and characterize the 
land use/ land change information in Orange County, North Carolina during 1955 and 
2001. The census data of Orange County in 1950, 1960, 1970, 1980, 2000 is related with 
the LULCC patterns to derive the driving forces of land use change from 1955 to 2001. 
The pattern metrics are used in the research as indicators of landscape dynamism during 
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1955 and 2001. The pattern metrics approach provides a good tool to characterize 
landscape dynamics throughout the study area (Meyer, 2002).  The pattern metrics are 
generated from the classifications of aerial photos and NLCD 2001 dataset, and the 
changes in pattern metrics  reflect the pattern of LULCC during 1955-2001. In addition,  
semi-variograms are used to exam the changes in different kinds of forest: coniferous 
forest, and hardwood forest. The parameters of semi-variograms are analyzed and related 
with the spatial structure of the forests. 
 
  
METHODOLOGY  
 
Study Area 
The study area of this research is Orange County, North Carolina in south east of 
USA (Figure 1). Orange County is located between 35°52’N to 36°14’N latitude and 
79°00’W to79°16’W longitude. Orange County occupies approximately 1,039 km². The 
annual average temperature is 21.7° (high) and 8.3° (low). Orange County has an average 
precipitation of 1168 mm per year. It has a census population of 118,227 in 2000. Orange 
County is nestled in the hills of the North Carolina Piedmont, and located between the 
Research Triangle Park (RTP) and the cities of Raleigh and Durham. Orange County 
includes historic Hillsborough, Chapel Hill, home of the University of North Carolina, 
and Carrboro and Mebane. The County encompasses rolling farms and forest, vital urban 
centers and small towns. Orange County combines the best of cosmopolitan and rural 
values with an abundance of historical, social and cultural resources 
(www.co.orange.nc.us). The county is drained, in part, by the Eno River. 
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Figure 1. Location of study area: Orange County, North Carolina 
 
Data 
In this study, three scenes of predominant cloud-free aerial photos of Orange 
County were taken in 1955, 1975 and 1993. The spatial resolution of all three aerial 
photos is 1×1 meter. The three photos are black and white. All the aerial photos were 
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obtained in the winter season. The aerial photos are provided by the North Carolina 
Office of Archives and History; Raleigh, North Carolina. The scale of these aerial photos 
is 1:20,000 (http://www.archives.ncdcr.gov/). The 1955 and 1975 aerial photos are geo-
registered to the 1993 aerial photo. The geometric and view angle correction, and 
brightness adjustment were sub contracted to Micro Solutions, a professional aerial photo 
processing company in California. Other land use/land cover dataset included the NLCD 
2001 dataset, and can provide the classification of Orange County based on NLCD 
Classification 2001 Schemes (Level II) (EPA website, 
http://www.epa.gov/mrlc/classification.html), the spatial resolution is 30×30 meters. 
 
Except the images, other data used in this study included the Census data for 
Orange County in 1950, 1960, 1970, 1980 and 2000. The data is downloaded from U.S 
Census Bureau official website (http://www.census.gov/) and includes total population, 
rural population, urban population, employment in agriculture, residential area, and 
agriculture area etc in these years. 
 
Image Classification  
There are many classification methods for remote sensing images Bauer et al. 
(1994) reviewed the commonly used classification methods. Richards (1995) reviewed 
the main classification methods which include:  
Supervised classification: It is based on using suitable algorithms to label the 
pixels in an image as representing particular ground cover types, or classes. And this 
category includes Maximum likelihood classification (Atkinson et al., 1985), Minimum 
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Distance Classification (Geman et al., 1984), Parallelepiped Classification (Lee et al., 
1985), The Mahalanobis Classifier (Swain et al., 1978), Table Look Up Classification 
(Kettig et al., 1976), Decision Tree Classifier (Swain et al., 1977), The kNN (Nearest 
Neighbour) Classifier (Dasarathy, 1991), Gaussian Mixture Models, Context 
Classification (Gong et al., 1990), Non-parametric Classification (Kuo et al., 2002), The 
Neural Network Classification (Benediktsson et al., 1990), Support Vector Machines 
(Burges, 1998),  
Unsupervised classification: The category depends on the clustering of pixels in 
the images. The analyst plays no part until the computational aspects are complete. Often 
unsupervised classification is used when reliable training data for supervised 
classification cannot be obtained or is too expensive to acquire (Duda et al., 2001). This 
category includes Chain method (Letts, 1978), ISODATA (Coleman et al., 1979), fuzzy K 
means classification (Bastin, 1997).  
Hybrid classification: This method combines the advantage of supervised 
classification and unsupervised classification. Unsupervised classification can identify 
the spectral classes, and supervised classification can label the pixels (Fleming et al., 
1975; Bauer et al., 1994). Ancillary information can also be incorporated into the 
classification process to improve accuracy and quality of image classification (Strahler et 
al., 1978, Hutchinson, 1982; Trotter, 1991).  
 
Because the aerial photograph has only one panchromatic band, the other 
information extracted from the image, such as texture information, can be stacked to 
improve classification accuracy. However, a lot of classification methods are tested, 
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including parallelepiped, minimum distance, Maximum Likelihood (supervised 
classification); Chain method, Multiple passes ISODATA (unsupervised classification). 
The classification result is not satisfactory due to only one panchromatic band of the 
aerial photo; the classification accuracy is around 60%. Finally, I chose on-screen 
digitizing method based on terrain knowledge about Orange County acquired during the 
fieldwork and distributed throughout Orange County as well as visual interpretation. The 
polygons which represent different classes are digitized for the whole 1955 and 1975 
aerial photos. There are total 10 land use classes identified in the aerial photos. The 10 
land use classes are listed in Table 1. 
1 Water 
2 Conifer forest 
3 Hardwood forest 
4 Mixed forest 
5 Agricultural field 
6 Low density residential land 
7 High density residential land 
8 Commercial land 
9 Road 
10 Other 
 
Table 1. Land use classes in 1955 and 1975 aerial photos 
 
Among the 10 land use classes, agricultural filed includes farm land, dry land and 
vegetable land. Low density residential land includes land covered by individual 
residential house and its accessories. High density residential land includes land covered 
by group of residential buildings and its accessories. Commercial land includes buildings 
for business purpose and factories. 
 
The NLCD 2001 classification schemes are different from the classification 
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schemes defined in the 1955 and 1975 land use map. It is necessary to re-code the classes 
of the NLCD 2001 dataset to match the 10 classes defined in Table 1. The re-code table is 
listed in Table 2. 
2001 Classification Scheme Classification Scheme of 
1955 and 1975 LULC Map 
Open water Water 
Developed, Open Space 
Developed, Low Intensity 
Developed, Medium Intensity 
Low density residential land 
Developed, High Intensity High density residential land 
Commercial/Industrial/Transportation Commercial land 
Barren Land Agricultural field 
Deciduous Forest Hardwood forest 
Evergreen Forest Conifer forest 
Mixed Forest Mixed forest 
Scrub/Shrub Hardwood forest 
Grassland/Herbaceous Agricultural field 
Pasture/Hay Agricultural field 
Cultivated Crops Agricultural field 
Woody Wetlands Other 
Table 2.   Re-Code Table of converting 2001 Classification Scheme into Classification 
Scheme of 1955 and 1975 LULC map 
 
Accuracy assessment 
Accuracy assessment (Error Evaluation) is necessary for a land use map generated 
from remote sensing images. Many sampling strategies and techniques have been used 
for accuracy assessment (Congalton, 1991, Fung, et. al, 1987). In this research, because 
the classification is from on-screen digitization and automatic classification methods are 
not used, and we are lack of reference data in 1955 and 1975, so there is no other 
independent data available for accuracy assessment. There are two main error sources: 
 
Separation of land-cover with continuous properties into discrete classes is a 
subjective process, such as low/high residential area, hardwood/conifer/mixed forests etc. 
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The 1975 aerial photo is classified by two undergraduate students and me. So it is 
inevitable to have inconsistency among the interpreters. 
 
There are some small patches left in the classified images because there are some 
small gaps left between different classes in the classification process. It may introduce 
some error in the classified land use maps. 
 
The trajectory assessment can be used as a rough accuracy assessment of the 1955 
and 1975 land use maps. The main process is listed below: 
? There are 10 classes in 1955 and 1975 land use maps, and there are 100 
combinations of transformation from 1955 to 1975; 
? Some transformations are reasonable and some transformations are not 
reasonable. A trajectory matrix can be established. The matrix contains a 10
×10 table. If a transformation is reasonable, the cell is assigned a value 1. If 
a transformation is not reasonable, the cell is assigned a value 0. The 
trajectory matrix is shown in Table 3. 
? The assessment is based on a pixel-by-pixel comparison. If the transformation 
of a pixel is reasonable according to the trajectory matrix (the cell is 1), the 
pixel is considered to be accurately classified. After all the pixels are 
processed, the total accuracy is defined as the number of pixels which are 
accurately classified divided by the total number of pixels in the land use map. 
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 Year 1975 
Year 
1955 WAT CON HAD MIX AGR LOW HIG COM ROA OTH
WAT 1 1 1 1 1 0 0 0 0 0 
CON 1 1 1 1 1 1 1 1 1 0 
HAD 1 1 1 1 1 1 1 1 1 0 
MIX 1 1 1 1 1 1 1 1 1 0 
AGR 1 1 1 1 1 1 1 1 1 0 
LOW 1 0 0 0 0 1 1 0 0 0 
HIG 1 0 0 0 0 0 1 0 0 0 
COM 1 0 0 0 0 0 0 1 0 0 
ROA 1 0 0 0 0 1 1 1 1 0 
OTH 0 0 0 0 0 0 0 0 0 1 
 
Table 3. Trajectory assessment matrix. WAT: water, CON: Conifer, HAD: hardwood, 
MIX: mixed, AGR: agriculture, LOW: low density residential, HIG: high 
density residential, COM: commercial land, ROA: Road, OTH: other 
 
The accuracy assessment of the NCLD 2001 dataset is still underway. Wickham et 
al. (2010) showed that NLCD 2001 overall Level II accuracy was 78.7%. Therefore, the 
NLCD 2001 dataset has a satisfactory accuracy and can be confidently used in the change 
detection analysis. 
 
Down scaling the land use map in 1955 and 1975 
The land use map generated from aerial photos in 1955 and 1975 has a spatial 
resolution of 1 meter. In order to apply change detection with the land use map from the 
2001 NLCD dataset, which has a spatial resolution of 30 meter, the down scaling process 
is necessary for land use map in 1955 and 1975. De Koning (1999) used the “winner take 
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all” down scaling method and it can be applied as follow: 1) the 30×30 meter cell is 
composed of 900 smaller cells (1 meter×1 meter) and the statistics information for the 
quantity of each class in the 30 meter×30 meter cell is calculated. 2) The class which has 
the highest quantity is assigned to the whole 30×30 meter cell. 3) The process can be 
applied to the whole image for land use map in 1955 and 1975. It is an easy and efficient 
method to down scale the land use map in 1955 and 1975, although the method can 
introduce some errors due to the missing information of smaller cells. The percentage of 
each class before and after down scaling in 1955 and 1975 land use map  is shown in 
Table 4(1) and Table 4(2). From the comparison, it is clear that there is little difference 
between the percentage of each class before and after down scaling. The down scaling 
process is effective and satisfactory. 
 
Class # Attribute 
Percentage of  
class after down 
scaling (30×30m) 
Percentage of  
class before down 
scaling  (1×1m) 
1 Water 0.181% 0.176% 
2 Conifers 15.94% 16.23% 
3 Hardwood 45.78% 45.52% 
4 Mixed forest 3.71% 3.92% 
5 Agricultural field 32.43% 32.09% 
6 Low density residential 1.08% 1.07% 
7 High density residential 0.00% 0.00% 
8 Commercial 0.01% 0.02% 
9 Roads 0.86% 0.97% 
10 Other 0.00% 0.00% 
 Table 4(1).   Percentage of each class before and after down scaling in 1955 land use 
map  
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Class # Attribute 
Percentage of  
class after down 
scaling (30×30m) 
Percentage of  class 
before down 
scaling  (1×1m) 
1 Water 0.040% 0.039% 
2 Conifers 26.82% 27.01% 
3 Hardwood 23.50% 23.61% 
4 Mixed forest 14.59% 14.63% 
5 Agricultural field 30.43% 30.01% 
6 Low density residential 2.66% 2.64% 
7 High density residential 0.00% 0.00% 
8 Commercial 0.47% 0.49% 
9 Roads 1.48% 1.59% 
10 Other 0.00% 0.00% 
Table 4(2).   Percentage of each class before and after down scaling in 1975 land use 
map  
 
Post-classification change detection 
A lot of change detection methods have been proposed. Singh (1989) reviewed 10 
main change detection methods. Coppin et al. (2004) reviewed 12 main change detection 
methods. Lu et. al (2004) reviewed comprehensive change detection methods. There are 
six major categories: Algebra, Transformation, Classification, Advanced models, GIS, 
Visual analysis. The most commonly used change detection methods include: 
? Change Detection Using Write Function Memory Insertion: Individual bands 
of remotely sensed data are inserted into specific write function memory 
banks in the image processing system to visually identify change in the 
imagery. No “from-to” information is available and this method is not 
quantitative (Sunar 1998). 
? Multi-date Composite Image Change Detection: Multi-date remotely sensed 
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data are rectified and placed in a single dataset. This composite dataset can be 
analyzed to extract change information. The advantage is only a single 
classification is required, but it is often difficult to label the change classes, 
and from-to change class information may not be available (Byrne et al. 
1980). 
? Image Algebra Change Detection: It is possible to simply identify the amount 
of change between two images by band ratioing or image differencing the 
same band in two images that have previously been rectified to a common 
base map. It is an efficient way to identify the change. But no “from-to” 
change class information is available, and it requires careful selection of the 
“change/no-change” threshold (Prakash and Gupta 1998). 
? Post-Classification Comparison Change Detection: This is the most 
commonly used quantitative method of change detection (Jensen et al., 1996). 
It requires rectification and classification of each remotely sensed image. 
These two images are then compared on a pixel-by-pixel basis using a change 
detection matrix. The advantage is that “from-to” change class information is 
available. The disadvantage is that the method requires that the two images 
should be as accurate as possible; the accuracy of change detection is 
dependent on the accuracy of the two separate images. The method is widely 
used and easy to understand (Foody, 2001). 
? Manual, On-screen Digitization of Change: It is common for analysts to 
visually interpret both dates of aerial photos using heads-up on-screen 
digitizing, and to compare the various images to detect change. The 
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disadvantage is that the method cannot provide “from-to” change class 
information (Sader and Winne 1992). 
? Spectral Change Vector Analysis: When land undergoes a change or 
disturbance, its spectral appearance normally changes between dates. The 
method uses a change vector analysis to detect the magnitude and direction of 
vector change. It has the ability to process any number of spectral bands 
desired and to produce detailed change detection information. The 
disadvantage is that the method cannot provide “from-to” change class 
information (Allen and Kupfer 2000). 
? Knowledge-Based Vision Systems for Detecting Change: Expert systems can 
be used to detect change automatically in an image with very little human 
interaction. This development of the method is still underway (Wang 1993).  
? Multi-Date Change Detection Using A Binary Mask Applied to Date 1 or 
Date 2: Sometimes there exists a land-cover data source that may be used in 
place of a traditional remote sensing image in the change detection process. 
The advantage is that the method may reduce change detection errors, and 
provides “from-to” change class information. The disadvantage is that the 
method requires a number of steps and it depends on quality of ‘change/no-
change’ binary mask (Lo and Shipman 1990).  
 
Among the various methods, the post-classification change detection method is a 
suitable method for change detection in this study area, because it is the most commonly 
used method and can provide “from-to” change class information In the post-
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classification procedure, the two aerial photos in 1955 and 1975 are independently 
classified. The two classified images are stacked to create land change map, which 
provides “from-to” change class information. Combined with the census dataset, the 
interaction between social-economic development and land use change can be analyzed 
in details. 
 
The accuracy of Post-Classification Comparison Change Detection depends on 
the classification accuracy of individual date classifications. In this study, for the 1955 
and 1975 land use maps, except for the subjectivity of  classification between classes 
with continuous property and the small gaps left  in the land use map, the down scaling 
process also can introduce errors, the classes with lower percentage may be lost during 
the process. For the NCLD 2001 dataset, the overall accuracy is 78.7% (Wickham et al., 
2010), the accuracy is acceptable, but it may also introduce error in the change detection 
process. 
 
Pattern Metrics Analyses 
Real landscapes contain complex spatial patterns in the distribution of resources; 
quantifying these patterns and their dynamics is in the range of landscape pattern analysis.  
Pattern analysis is frequently used in the sustainable landscape planning (Leitao et al., 
2002). Landscape pattern analysis commonly involves the spatial data of thematic maps 
and the pattern metrics calculation. Pattern metrics refers to indices developed for 
thematic maps (Turner, 1989). Pattern metrics are focused on the characterization of the 
geometric and spatial properties of thematic map patterns. Pattern metrics are often used 
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to explore relationships between pattern and process (Li et al., 2004). In this study, 
Pattern metrics can be used to quantitatively assess the spatial/temporal nature of 
landscape structure of Orange County from 1955 through 2001, and pattern metrics help 
interpret the ecological or functional implications of landscape change. Pattern metrics 
can quantify the spatial structure and organization of landscape across vegetation class 
types (agriculture land, conifer forest, hardwood forest, mixed forest) and space. 
Landscape pattern metrics may be defined at three levels (Baskent et al., 1995): 
 
? Patch-level metrics are defined for individual patches, and characterize the 
spatial character and context of patches; 
? Class-level metrics are integrated over all the patches of a given type.There 
are additional aggregate properties at the class level that result from the 
unique configuration of patches across the landscape; 
? Landscape-level metrics are integrated over all patch types or classes over the 
full extent of the data (i.e. the entire landscape). 
 
Pattern metrics also show that the landscape properties are influenced by the 
neighborhood and the regional spatial context, and the spatial pattern is closely related to 
social and biophysical systems and their interactions (Crews-Meyer, 2002; Gustafson, 
1998).  
 
A lot of metrics have been developed to quantify landscape patterns on thematic 
maps. Such metrics fall into two general categories: those that quantify the composition 
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of the map without reference to spatial attributes, and those that quantify the spatial 
configuration of the map, requiring spatial information for their calculation (Gustafson, 
1998).  
 
Composition metrics are easily quantified and refers to features associated with 
the variety and abundance of patch types within the landscape, but without considering 
the spatial character, placement, or location of patches within the mosaic. Because 
composition requires integration over all patch types, composition metrics are only 
applicable at the landscape level (McGarigal et al., 1995). In this study, I am interested in 
the spatial configuration of the 4 individual classes (agriculture land, conifer forest, 
hardwood forest, mixed forest). Thus, the composition metrics are not calculated. 
 
Spatial configuration is more difficult to quantify and refers to the spatial 
character and arrangement, position, or orientation of patches within the class or 
landscape. The principal aspects of configuration are: 
 
? Patch size distribution and density. The simplest measure of configuration is 
patch size, which represents a fundamental attribute of the spatial character of 
a patch. Patch size distribution can be summarized at the class and landscape 
levels in a variety of ways (e.g. mean, median, max, variance)or, alternatively, 
formulated as patch density.  
? Patch shape complexity. Shape complexity relates to the geometry of 
patches–whether they tend to be simple and compact, or irregular and 
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convoluted. The most common measures of shape complexity are based on 
the relative amount of perimeter per unit area, usually indexed in terms of a 
perimeter-to-area ratio, or as a fractal dimension, and often standardized to a 
simple Euclidean shape (e.g. circle or square) (Pickover, 1990). 
? Isolation/proximity. Isolation/proximity refers to the tendency for patches to 
be relatively isolated in space (i.e. distant) from other patches of the same or 
similar ecologically friendly class. 
? Contrast. Contrast refers to the relative difference among patch types. 
? Dispersion. Dispersion refers to the tendency for patches to be regularly 
distributed or clumped with respect to each other. 
? Contagion and Interspersion. Contagion refers to the tendency of patch types 
to be spatially aggregated; that is, to occur in large, aggregated distributions. 
? Subdivision. Subdivision refers to the degree to which a patch type is broken 
up (i.e. subdivided) into separate patches 
? Connectivity. Connectivity generally refers to the functional connections 
among patches. 
 
Pattern metrics often measure multiple aspects of patterns. Thus, there is seldom a 
one-to-one relationship between metric values and pattern. Most of the metrics are in fact 
correlated among themselves (they measure a similar or identical aspect of landscape 
pattern) because there are only a few primary measurements that can be made from 
patches, and most metrics are then derived from these primary measures. Li et al. (1995), 
McGarigal et al. (1995 b), Riitters et al. (1995), HainesYoung R et al. (1996) identified 
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the major components of landscape pattern for the purpose of identifying a suite of main 
independent metrics. However, the choice of metrics should explicitly reflect some 
hypothesis about the observed landscape pattern and what processes or constraints might 
be responsible for that pattern, and how that pattern relates to the process under 
investigation. 
 
In this study, 3 groups of pattern metrics are calculated for 4 classes (agricultural 
land, conifer forest, hardwood forest, mixed forest) in 1955, 1975, and 2001 land use 
maps: Patch Density & Size Metrics, Edge Metrics, and Shape Metrics, because the 
selected 3 groups of pattern metrics can represent fundamental attributes of the spatial 
character of patches and the geometry of patches. And these metrics can help interpret the 
spatial configuration changes of the 4 classes in Orange County from 1955 to 2001. 
 
Patch Density & Size Metrics: 
? Number of Patches (NUMP): Number of Patches for each individual class 
? Mean Patch Size (MPS): Average patch size (hectare) 
? Median Patch Size (MEDPS): The middle patch size, or 50th percentile. 
(hectare), 
? Patch Size Coefficient of Variance (PSCOV): Coefficient of variation of 
patches, PSCoV = PSSD/MPS; 
? Patch Size Standard Deviation (PSSD): Standard Deviation of patch areas 
(hectare), 
Edge Metrics:  
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? Total Edge (TE): Perimeter of patches (meter) 
? Edge Density (ED): Amount of edge relative to the landscape area, ED = TE / 
TLA (Total Landscape Area); 
? Mean Patch Edge (MPE): Average amount of edge per patch (meter/patch), 
MPE = TE / NumP;  
Shape Metrics: 
? Mean Shape Index (MSI): sum of each patch's perimeter divided by the 
square root of patch area (in hectares) for each class, and adjusted for square, 
divided by the number of patches. MSI is equal to 1 when all patches are 
square and it increases with increasing patch shape irregularity. 
? Area Weighted Mean Shape Index (AWMSI): AWMSI equals the sum of each 
patch's perimeter, divided by the square root of patch area (in hectares) for 
each class, and adjusted for square standard, divided by the number of 
patches. It differs from the MSI in that it's weighted by patch area so larger 
patches will weigh more than smaller ones. 
? Mean Perimeter-Area Ratio (MPAR): Sum of each patches perimeter/area 
ratio divided by number of patches (meters/hectare). 
? Mean Patch Fractal Dimension (MPFD): MPFD is a measure of shape 
complexity. MPFD approaches 1 for shapes with simple perimeters and 
approaches 2 when shapes are more complex. 
? Area Weighted Mean Patch Fractal Dimension (AWMPFD): AWMPFD is the 
same as MPFD with the addition of individual patch area weighting applied 
to each patch. Because larger patches tend to be more complex than smaller 
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patches, this has the effect of determining patch complexity independent of its 
size. The unit of measure is the same as mean patch fractal dimension 
 
The pattern metrics are calculated using the software “Patch Analyst 4”, which is 
a tool for quantifying landscape structure within three levels of hierarchy: Landscape, 
Classes, and Patches. “Patch Analyst 4” can be downloaded from 
http://flash.lakeheadu.ca/~rrempel/patch/. The 1955, 1975 and 2001 land use maps are 
used as input into the software, each map contains 10 classes. And 4 classes are used in 
the pattern metrics calculation. The spatial resolution of the 3 land use maps is 30×30 
meter. The format of the land use map is raster.  
 
Geospatial Analysis with Semi-Variograms 
In spatial statistics, the theoretical semi-variogramγ(h) is a function describing 
the degree of spatial dependence of a spatial random field or stochastic process Z(x). It is 
defined as half of the expected squared increment of the values between locations x and y 
(Wackernagel 2003): 
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Where γ(h) is the semivariogram, h is the lag, E is the expectation, Z(x) and 
Z(x+h) are the values of  the stochastic process Z(x) at places separated by distance h. 
 
In remote sensing images, the empirical variogram can be calculated as follow: 
For observations zi, i=1,…,k at locations x1,…,xk the empirical variogram is defined as 
(Wackernagel 2003):  
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Where N(h) denotes the set of pairs of observations i, j such that ||xi - xj=h||, and 
|N(h)| is the number of pairs in the set.  The assumption for the semi-variograms is that 
the stochastic process in the image is second-order stationary. 
In this study, 2 patches are selected to calculate the semi semi-variograms. The 
patches include:  
? Patch 1, which is covered by hardwood forest in 1955 and 1993;  
? Patch 2, which is covered by conifer forest in 1955 and 1993; 
 
The software used to calculate semi-variogram is “IPW” software. IPW is a 
UNIX-based image processing system. IPW includes several UNIX filter programs which 
can be pipe-lined together to form complex and powerful image processing algorithms 
(http://www.icess.ucsb.edu/~ipw2/). The sampling factor chosen to calculate semi-
variogram is 0.1, which means 10% of image will be sampled, and maximum lag distance 
is set at 100 meters. 
 
The following three parameters are often used to describe semi-variogram: 
? Nugget n: The height of the jump of the semivariogram at the discontinuity at 
the origin; 
? Sill c: Limit of the variogram tending to infinity lag distances; 
? Range r: The distance in which the difference of the variogram from the sill 
becomes negligible. In models with a fixed sill, it is the distance at which this 
 33 
is first reached; for models with an asymptotic sill, it is conventionally taken 
to be the distance when the semi-variogram first reaches 95% of the sill. 
 
There are two main families of simple functions which can be used to model the 
semi-variogram. One is unbounded variation model, and there is no maximum limit for 
the semi-variogram, such as power function models. The other one is bounded variation 
model, and there is an exact upper limit for the variation of the semi-variogram, such as 
bounded linear model, circular model, spherical model, pentaspherical model, 
exponential model, Whittle’s elementary model and Gaussian model etc.(Webster, et. al, 
2000). When the semi-variogram has more complex shape, simple models can be 
combined to fit the semi-variogram, and the model is called combining model. . In this 
study, both unbounded variation model and bounded variation model are tested. The 
exponential model shows the best fit for the empirical semi-variogram calculated from 
IPW software. The exponential model is defined as: 
 
)}exp(1{)(
r
hch −−=γ
                                             (2-3) 
Where, c  is the sill, r  is a distance parameter, which defines the spatial extent of 
the model. The function can only approach its sill asymptotically; therefore it does not 
have a finite range. And it is more practical to assign an effective range, which is usually 
taken as the distance at which semi-variogram γ  reaches 95% of the sill variance, 
approximately r3  (Webster, et. al, 2000).  
 
After fitting the semi-variogram generated from 2 patches in 1955 and 1993, the 
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parameters which describe the semi-variogram can be related with the spatial structure of 
the different landscapes, and the analysis can provide an improved understanding of the 
nature and causes of spatial variation in images with different landscapes. 
 
  
Results and Discussion 
 
Accuracy Assessment of Land Use Map in 1955 and 1975 
 
According to the trajectory assessment matrix, the total number of accurately 
classified pixels is 1026933157, and the total number of pixels is 1034698742. Thus, a 
rough accuracy of 99.2 % is derived. Actually, the polygons of the classes in each land 
use map is generated from on-screen digitization, and the accuracy can be guaranteed. 
The rough accuracy shows that the two land use maps in 1955 and 1975 are reliable.  
 
 
Land Use/ Land Change detection 
 
The classification of aerial photographs taken in 1955 and 1975 are completed by 
On-Screen digitization. After the classification, the down-scaling process is performed, 
and the land use maps after down-scaling process are carefully checked by overlapping 
them with the original classification maps, the result is satisfactory and the down-scaled 
land use maps can represent the original maps well. The classification images of land use 
in 1955 and 1975 for Orange County are shown in Figure 2 and Figure 3, and the 
classification image generated from NCLD 2001 dataset is shown in Figure 4. There are 
total 10 classes in each the classification image. 
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Figure 2. Land Use Map of Orange County in 1955 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Legend 
 
Figure 3. Land Use Map of Orange County in 1975 
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Figure 4. Land Use Map of Orange County in 2001  
 
The statistics for the area of each class of the land use map, and total forest area, 
urban area in 1955, 1975 and 2001 are shown in Table 5. 
Area (Square Kilometers) 1955 1975 2001 
Water 1.87 0.41 7.84  
Conifer Forest 164.88 277.52 118.75  
Hardwood Forest 473.63 243.13 471.34  
Mixed forest 38.43 150.96 42.37  
Agricultural field 335.53 314.88 259.81  
Low density residential 11.21 27.53 117.36  
High density residential 0.00 0.00 8.66  
Commercial 0.10 4.82 8.12  
Roads 8.94 15.29 0.00  
Others 0.00 0.00 6.35  
Total forest 676.95 671.61 632.45  
Total Urban Area 11.31 32.36 128.15  
Table 5. Area of each class of Orange County in 1955, 1975 and 2001 
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From the land use map of Orange County in 1955, 1975 and 2001 (Fig 2, 3, 4), 
the urban area is expanding quickly in the 46 years, especially Chapel Hill, Carrboro and 
Hillsborough. From Table 2, the urban area increased from 11.31 km2 in 1955 to 128.15 
km2 in 2001, and the increase rate is about 5.5% per year. There is a clear decline in 
agriculture area from 1955-2001. The agricultural filed is 335.53 km2 in 1955 and 259.81 
km2 in 2001. There is a small decrease in the total forest area, including conifer forest, 
hardwood forest and mixed forest. The total forest area is 676.95 km2 in 1955 and 632.45 
km2 in 2001. The area change in agricultural field, urban and forest shows that a large 
amount of forest and agriculture changed to urban during 1955 and 2001. From Figure 5, 
it is easy to observe the trend of the area of each class in 1955, 1975 and 2001, and the 
changes are shown clearly. 
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Figure 5. Trend of area of each class of Orange County in 1955, 1975 and 2001 (Area 
Unit: km2). WAT: water, CON: Conifer, HAD: hardwood, MIX: mixed, AGR: 
agriculture, LOW: low density residential, HIG: high density residential, COM: 
commercial land, ROA: Road, OTH: other, TTF: total forest area, TUA: total 
urban area 
 
 
The change detection can provide quantitative results on the LULCC of Orange 
County from 1955 and 2001, and the location and area of each changed class is clearly 
shown. The hypothesis of the change detection is that because of increased urbanization 
and large-scale agricultural abandonment after World War II (Hart, 1980), a lot of 
agricultural land may transform to forests and developed land, some forests also may 
transform to urban area, and some forests may experience secondary succession, the 
urban area may increase and source is from agricultural field and forests. The landscape 
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of Orange County may become more diversified and fragmented due to the new 
developed land and abandonment of agricultural land and secondary succession. To 
derive the land use/land change information, post-classification comparison change 
detection is performed using MATLAB software. Two change detection processes are 
performed: 1)The classification image of 1955 is defined as initial state, and 
classification image of 1975 is defined final state (Jensen, 1996). 2) The classification 
image of 1975 is defined as initial state, and classification image of 2001 is defined final 
state. The change detection matrix is derived. And the change detection matrices are 
shown in Table 6 and Table 7. 
 
 Year 1975 
Year 
1955 WAT CON HAD MIX AGR LOW HIG COM ROA OTH
WAT 0.25  0.12  0.21  0.09 1.17 0.01 0.00 0.00  0.00  0.00 
CON 0.01  94.85  31.00  16.54 14.60 5.63 0.00 0.85  1.39  0.00 
HAD 0.11  118.76  174.25  115.25 52.20 7.12 0.00 1.20  4.75  0.00 
MIX 0.02  13.61  14.13  6.56 3.59 0.36 0.00 0.00  0.16  0.00 
AGR 0.02  47.29  22.51  11.52 240.73 5.03 0.00 2.63  5.78  0.00 
LOW 0.00  1.25  0.17  0.48 0.25 8.82 0.00 0.03  0.22  0.00 
HIG 0.00  0.00  0.00  0.00 0.00 0.00 0.00 0.00  0.00  0.00 
COM 0.00  0.00  0.00  0.00 0.00 0.02 0.00 0.07  0.00  0.00 
ROA 0.00  1.63  0.87  0.54 2.35 0.54 0.00 0.04  2.99  0.00 
OTH 0.00  0.00  0.00  0.00 0.00 0.00 0.00 0.00  0.00  0.00 
 
Table 6. Change Detection Matrix in Orange County From 1955 to 1975 (Area Unit: 
km2). WAT: water, CON: Conifer, HAD: hardwood, MIX: mixed, AGR: 
agriculture, LOW: low density residential, HIG: high density residential, COM: 
commercial land, ROA: Road, OTH: other 
 
Overall, the total forest area is in the same level in 1955 (676.95 km2) and 1975 
(671.61 km2), and agricultural field area decreased from 335.53 km2 to 314.88 km2. Total 
urban area increased from 11.31 km2 to 32.36 km2. And the source of additional urban 
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area is agricultural field and forest. From Table 3, much of the conifer forest remained as 
conifer forest (94.85 km2,), and 31 km2 conifer transformed to hardwood forest; 16.54 
km2 conifer transformed to mixed forest; 14.60 km2 conifer transformed to agricultural 
field; 5.63 km2 conifer transformed to low density residential area, which is a result of 
urban expansion; 0.85 km2 and 1.39 km2 conifer transformed to commercial land and 
roads, which is also due to urban expansion. The comprehensive trend is shown in Fig. 6.  
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Figure 6. Conifer Forest Change of Orange County 1955-1975 
 
Hardwood forest and mixed forest changes are considered together from 1955-
1975 due to the difficulty and subjectivity to differentiate them. 0.126 km2 mixed & 
hardwood transformed to water, and 132.37 km2 mixed & hardwood transformed to 
conifer forest, which means hardwood & mixed forest and conifer forest transformed to 
each other during 1955-1975; 310.11 km2 mixed & hardwood remained the same, and 
55.79 km2 mixed & hardwood transformed to agriculture filed; 7.48 km2 and 1.19 km2 
mixed & hardwood transformed low density residential area and commercial land, and 
this is also a result of population growth and urban expansion. And 1.19 km2 mixed & 
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hardwood transformed to roads. The comprehensive trend is shown in Fig. 7. 
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Figure 7. Hardwood & Mixed Forest Change of Orange County 1955-1975 
 
For agricultural field, 47.29 km2 agricultural field transformed to conifer forest; 
22.51 km2 agricultural field transformed to hardwood forest; 11.52 km2 agricultural field 
transformed to mixed forest, and it shows that a total of 81.32 km2 agricultural field 
transformed to forest, and this is a good way for environmental protection. 240.73 km2 
agricultural fields remained the same. 5.03 km2, 2.63 km2, 5.78 km2 agricultural field 
transformed low density residential area, commercial land and roads, this shows due to 
urban expansion and population growth, agricultural field declined to meet the housing 
demands of more population. The comprehensive trend is shown in Fig. 8. 
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Figure 8. Agricultural field Change of Orange County 1955-1975 
 
The source of residential area and commercial land is important, and the source 
can reflect how the landscape is modified by human activities for satisfying the demands 
of growing population. The commercial land increased from 0.1 km2 to 4.82 km2. In 1975, 
0.85 km2 commercial land is from conifer forest; 1.20 km2 commercial land is from 
hardwood forest; 2.63 km2 commercial land is from agriculture land. It shows that 
commercial land is expanding quickly and the source is from forest and agricultural field. 
The comprehensive trend is shown in Fig. 9. The residential land increased from 11.21 
km2 to 27.53 km2. In 1975, 5.63 km2 residential land is from conifer forest; 7.12 km2 
residential land is from hardwood forest; 5.03 km2 residential land is from agriculture 
land; 8.82 km2 residential land is from residential land in 1955. The residential land is 
expanding quickly and the source is mainly forest and agricultural field. The 
comprehensive trend is shown in Fig. 10. 
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Figure 9. Commercial Land source of Orange County in 1975 
 
Residential Land Source in 1975
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Figure 10. Residential Land source of Orange County in 1975 
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 Year 2001 
Year 
1975 WAT CON HAD MIX AGR LOW HIG COM ROA OTH 
WAT 0.35  0.01  0.04  0.00 0.00 0.00 0.00 0.00  0.00  0.01 
CON 0.64  71.55  131.19  21.03 27.15 23.22 1.68 0.31  0.00  0.76 
HAD 1.28  13.75  178.82  8.41 20.23 16.44 0.67 0.09  0.00  3.44 
MIX 1.21  7.03  113.46  4.44 13.01 9.53 0.59 0.07  0.00  1.63 
AGR 4.35  24.40  43.65  8.03 196.30 29.80 1.37 6.48  0.00  0.49 
LOW 0.01  1.14  2.40  0.36 1.07 20.04 2.02 0.49  0.00  0.01 
HIG 0.00  0.00  0.00  0.00 0.00 0.00 0.00 0.00  0.00  0.00 
COM 0.01  0.19  0.12  0.00 0.45 2.25 1.27 0.53  0.00  0.00 
ROA 0.00  0.67  1.64  0.09 1.58 10.07 1.06 0.16  0.00  0.01 
OTH 0.00  0.00  0.00  0.00 0.00 0.00 0.00 0.00  0.00  0.00 
Table 7. Change Detection Matrix in Orange County From 1975 to 2001(Area Unit: km2). 
WAT: water, CON: Conifer, HAD: hardwood, MIX: mixed, AGR: agriculture, 
LOW: low density residential, HIG: high density residential, COM: commercial 
land, ROA: Road, OTH: other 
 
From Table 6 and Table 7, overall, the total forest area decreased from 671.61 km2 
to 632.45 km2, and there is a forest decrease of 39.16 km2 during 1975 and 2001. 
Agricultural field decreased from 314.88 km2 to 259.81 km2, and there is a 55.07 km2 
loss of agricultural field. The total urban area has a quick increase: from 32.36 km2 to 
128.15 km2. For conifer forest, much of the conifer forest remained as conifer forest 
(71.55 km2,), and 131.19 km2 conifer transformed to hardwood forest; 21.03 km2 conifer 
transformed to mixed forest; 27.15 km2 conifer transformed to agricultural field; 23.22 
km2 conifer transformed to low density residential area to meet the demands of housing, 
which is a result of rapid urban expansion during 1975 and 2001; 0.31 km2 conifer 
transformed to commercial land, which is also due to urban expansion during that period. 
The comprehensive trend is shown in Fig. 11. 
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Figure 11. Conifer Forest Change of Orange County 1975-2001 
 
Hardwood forest and mixed forest changes are considered together from 1975 to 
2001. 20.78 km2 mixed & hardwood transformed to conifer forest, it shows that a small 
portion of hardwood & mixed forest and conifer forest transformed to each other during 
1975-2001; 305.13 km2 mixed & hardwood remained the same, and 33.24 km2 mixed & 
hardwood transformed to agriculture filed; 25.97 km2, 1.27 km2 and 0.16 km2 mixed & 
hardwood transformed low density residential area, high density residential area and 
commercial land, and the transformation is due to population growth and urban 
expansion. The comprehensive trend is shown in Fig. 12. 
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Deciduous & Mixed forest change 1975-2001
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Figure 12. Hardwood & Mixed Forest Change of Orange County 1975-2001 
 
For agricultural field, 24.40 km2 agricultural field transformed to conifer forest; 
43.65 km2 agricultural field transformed to hardwood forest; 8.03 km2 agricultural field 
transformed to mixed forest, and it shows that a total of 76.08 km2 agricultural field 
transformed to forest. 196.30 km2 agricultural fields remained the same. 29.80 km2, 1.37 
km2, 6.48 km2 agricultural field transformed low density residential area, high density 
residential area and commercial land. Due to urban expansion and population growth, 
agricultural field is transformed to meet the demands of more housing and occupation. 
The comprehensive trend is shown in Fig. 13. 
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Agriculture change 1975-2001
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Figure 13. Agricultural field Change of Orange County 1975-2001 
 
The commercial land increased from 4.82 km2 to 8.12 km2. In 2001, 0.31 km2 
commercial land is from conifer forest; 0.16 km2 commercial land is from hardwood and 
mixed forest; 6.48 km2 commercial land is from agriculture land and 0.16 km2 
commercial land is from low density residential area. It shows that commercial land 
increased 68% from 1975 to 2001, and the source is forest and agricultural field. The 
comprehensive trend is shown in Fig. 14. The residential land increased from 27.53 km2 
to 126.02 km2. In 2001, 24.90 km2 residential land is from conifer forest; 27.23 km2 
residential land is from hardwood & mixed forest; 31.17 km2 residential land is from 
agriculture land; 22.05 km2 residential land is from residential land in 1975. It shows that 
residential land area is increasing quickly and the source is mainly forest and agricultural 
field. The comprehensive trend is shown in Fig. 15. 
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Figure 14. Commercial Land source of Orange County in 2001 
 
Residential Land Source in 2001
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Figure 15. Residential Land source of Orange County in 2001 
 
The above change detection results are consistent with the hypothesis. The loss in 
agricultural field, increase in urban area are the main land use/land cover change from 
1955 to 2001. The LULCC shows that Orange County experienced great socio-economic 
changes. A lot of agricultural land reverted to forest through secondary succession. Due 
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to the development of logistics, farmers faced competition from other regions while 
coping with problems of soil erosion, declining soil fertility, and increased expenses 
associated with boll weevil management (Hart 1980, Manners 1979). As farmers lost their 
comparative advantages, forestry and land development became more competitive uses of 
land, and the region gradually reverted to conifer and hardwoods intermixed with farms 
and developed areas (Brender, 1974). Some agricultural fields were abandoned, and 
transformed to conifer forest. The natural succession of forest shows that the conifer 
forest will transform to mixed forest, and then transform to hardwood forest. Due to the 
population growth and economic development (establishment of nearby Research 
Triangle Park), the urban area and population of Hillsboro and Chapel Hill and Carrboro, 
increased quickly. The abandonment of agricultural field, forest secondary succession, 
urban expansion, economic development and population growth are the main driving 
forces which are responsible for the LULCC in Orange County from 1955 to 2001. 
 
The demographic data of Orange County is downloaded from U.S Census 
Website. Because the census is conducted every 10 years and only available in 1950, 
1960, 1970, 1980 and 2000, the Census data for 1955, 1975 and 2001 is not available.  In 
order to derive the Census data for the 3 years, the 1955 demographic data is calculated 
as the average of 1950 and 1960 Census data, and 1975 demographic data is calculated as 
the average of 1970 and 1980 Census data. The 2001 demographic data directly uses the 
2000 Census data. The calculation can introduce some errors; however, this is still a good 
approximation of the real demographic data.  
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 1950 1960 1970 1980 2000 1955 1975 2001 
Total population 34436 42970 57707 77055 118227 38703 67381 118227 
Rural population 25258 30398 28703 32729 37782 27828 30716 37782 
Urban population 9177 12573 29004 44326 80445 10875 36665 80445 
Employment in 
Agriculture 2268 1528 884 714 435 1898 799 435 
Table 8. Demographic Data of Orange County in 1955, 1975 and 2001 
 
From Table 8, the total urban population increased form 10,875 to 80,445 during 
1955 and 2001. The quick increase shows that due to the quick social-economic 
development, the urbanization is fast in Orange County, in 1955, urban population is only 
26.65% of total population; in 2001, urban population is 68.04% of total population. Fig. 
16 shows the trend of population increase during 1955 and 2001. And Fig. 17 shows the 
urban population density during 1955 and 2001. The quick urbanization is due to the job 
opportunities created by the university and the nearby Research Triangle Park). The 
urban population density in 1975 is higher than that in 1955 because the population 
growth rate is higher that the urban residential area increase rate. The urban population 
density is lowest in 2001 because urban residential area increased 95.29 km2 during 1975 
and 2001.  However, due to the convenient transportation, many people commute to work 
in cities and they do not live in cities. Therefore, the urban population in the Census is 
less than the actual population who work in the city area, and this may introduce error in 
the Urban Population density.  
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0
20000
40000
60000
80000
100000
1955 1975 2001  
Figure 16. Urban Population of Orange 
county from 1955 to 2001 
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Figure 17. Urban Population density of 
Orange county from 1955 to 2001 
 
The employment in agriculture is decreasing from 1955 to 2001. There are 1898 
employment in agriculture in 1955, 799 employment in 1975, and only 435 employment 
in 2001. The agricultural filed decrease by 75.72 km2 during 1955 and 2001. Fig. 18 
shows the trend of agricultural field change during 1955 and 2001. Fig.19 shows the 
trend of employment in agriculture during 1955 and 2001. The result shows that less 
people are employed in agriculture due to the loss in agricultural field, the advancement 
of agriculture machinery and fertilizer during the period. However, the employees in 
agriculture may come from out of Orange County and they are not included in the Census 
data of Orange County. Therefore, the actual employment may be different from the 
employment in agriculture in the Census data. This may also introduce error in the 
statistics of employment in agriculture.  
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Figure 18. Agricultural field area change 
from 1955 to 2001 
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Figure 19. Employment in agriculture from 
1955 to 2001 
 
In summary, the land use change detection matrix and classification results show 
that urbanization is constant in Orange County during 1955 and 2001. The urban 
population increased 640% during 1955 and 2001. The urban area is increased 1033%, 
from 11.31 km2 to 128.15 km2 during 1955 and 2001. Forest area is almost in the level 
during 1955 and 2001. Agricultural field decreased by 75.72 km2 and employment in 
agriculture decreased dramatically as a result. The new added urban area is mainly at the 
expense of agricultural field and forest. 
 
Pattern Matrix Analysis in Orange County 
 
Change detection can provide the location and area of change for each class; 
however, it cannot provide spatial distribution and configuration of each class. Besides 
the change detection, the pattern metrics analysis can provide the spatial configuration 
and dynamic pattern of each class of Orange County. The pattern metrics are calculated 
for 4 classes (agricultural field, conifer forest, hardwood forest and mixed forest) of 1955, 
1975 and 2001 land use map. The pattern metrics for agricultural field, conifer forest, 
hardwood forest, mixed forest are listed in Table   9, 10, 11, 12. 
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Year 1955 1975 2001 
Class Agriculture Agriculture Agriculture 
AWMSI 5.08 5.13 2.23 
MSI 1.34 1.35 1.25 
MPAR 497.14 475.71 789.69 
MPFD 1.05 1.04 1.04 
AWMPFD 1.16 1.16 1.11 
TE 4917151.54 4420965.51 6073567.06 
ED 39.01 36.03 48.18 
MPE 1773.86 1858.33 734.76 
MPS 12.24 13.41 3.15 
NumP 2772.00 2379.00 8266.00 
MedPS 1.68 1.82 0.49 
PSCoV 755.02 763.56 351.88 
PSSD 92.44 102.36 11.08 
Table 9. Pattern metrics for agricultural field in 1955, 1975 and 2001. 
 
From Table 9, for agricultural field, Number of Patches (NUMP) decreased from 
2772 to 2379 during year 1955 and 1975, and then increased to 8266 in year 2001. It 
shows that agricultural field are more scattered in 2001. Meanwhile, Mean Patch Size 
(MPS) increased to 13.41 hectare in 1975 and decreased to 3.15 hectare in 2001. Patch 
Size Coefficient of Variance (PSCOV) and Patch Size Standard Deviation (PSSD) show 
that the variation of patch size is higher in 1955 and 1975, but lower in 2001. Total Edge 
(TE) decreased in 1975 but increased in 2001, because the NUMP increased 198.2% in 
2001 than NUMP in 1955. Edge Density (ED) has the trend as TE, because ED=TE/TLA 
(Total Landscape Area). More patches can generate more edge, so that Edge Density (ED) 
has the same trend as NUMP. Mean Patch Edge (MPE) increased in 1975 and decreased 
in 2001 because MPE=TE/NUMP; and NUMP is lower in 1975 and much higher in 2001. 
Mean Shape Index (MSI) increased from 1.34 to 1.35 in year 1975, and decreased to 1.25 
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in year 2001. It shows that the patches irregularity level is almost the same for year 1955 
and 1975, and patches irregularity level is lower for year (2001) because MSI is 1.25 and 
closer to 1. Area Weighted Mean Shape Index (AWMSI) increased from 5.08 to 5.13 in 
year 1975, and decreased to 2.23 in year 2001.The AWMSI difference between year 1955, 
1975 and 2001 is higher than the MSI difference, because larger patches weigh more than 
smaller patches. Mean Perimeter-Area Ratio (MPAR) decreased from 497.14 to 475.71 in 
year 1975, and increased to 789.69 in year 2001, because MPS (Mean Patch Size) is 
much smaller in year 2001 than year 1955 and 1975. Mean Patch Fractal Dimension 
(MPFD) is almost the same for year 1955, 1975 and 2001 (1.05, 1.04, 1.04) and close to 
1. It shows that shape complexity level is almost the same and the shape is simple 
because MPFD is close to 1. Area Weighted Mean Patch Fractal Dimension (AWMPFD) 
is the same (1.16) in year 1955 and 1975, and decreased to 1.11 in year 2001, because 
MPS (Mean Patch Size) is much smaller in year 2001 and larger patch weigh more than 
smaller patch. Overall, the agricultural field is distributed more scattered and the mean 
patch size is much smaller in 2001, the shape complexity is at the same level in 1955, 
1975 and 2001.   
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Year 1955 1975 2001 
Class Conifer Conifer Conifer 
AWMSI 1.83 2.60 1.75 
MSI 1.21 1.26 1.20 
MPAR 571.47 437.84 874.59 
MPFD 1.04 1.04 1.04 
AWMPFD 1.08 1.11 1.09 
TE 3807734.44 4382289.30 4151672.95 
ED 30.21 35.72 32.94 
MPE 706.84 1208.24 463.82 
MPS 3.01 7.66 1.31 
NumP 5387.00 3627.00 8951.00 
MedPS 0.92 1.62 0.37 
PSCoV 383.54 468.05 322.51 
PSSD 11.53 35.87 4.24 
Table 10. Pattern metrics for conifer forest in 1955, 1975 and 2001. 
 
From Table 10, for conifer forest, Number of Patches (NUMP) decreased from 
5837 to 3627 during year 1955 and 1975, and then increased to 8951 in year 2001. It 
shows that conifer is more scattered in 2001. And Mean Patch Size (MPS) increased to 
7.66 hectare in 1975 and decreased to 1.31 hectare in 2001. Patch Size Coefficient of 
Variance (PSCOV) and Patch Size Standard Deviation (PSSD) show that the variation of 
patch size is higher in 1955 and 1975, but lower in 2001. Total Edge (TE) increased in 
1975 but decreased in 2001, because conifer forest has a larger area in 1975, and smaller 
area in 1955 and 2001, and NUMP is 2001 is higher than 1955 and 1975. Edge Density 
(ED) has the trend as TE. Mean Patch Edge (MPE) increased in 1975 and decreased in 
2001 because MPE=TE/NUMP; and NUMP is lower in 1975 and much higher in 2001. 
Mean Shape Index (MSI) increased from 1.21 to 1.26 in year 1975, and decreased to 1.20 
in year 2001. It shows that the patches irregularity level is higher in year 1975 than 1955, 
and patches irregularity level is lower for year (2001) because MSI is 1.20 and closer to 1. 
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Area Weighted Mean Shape Index (AWMSI) increased from 5.08 to 5.13 in year 1975, 
and decreased to 2.23 in year 2001.The AWMSI difference between year 1955, 1975 and 
2001 is higher than the MSI difference, because larger patches weigh more than smaller 
patches. Mean Perimeter-Area Ratio (MPAR) decreased from 497.14 to 475.71 in year 
1975, and increased to 789.69 in year 2001, because MPS (Mean Patch Size) is much 
smaller in year 2001 than year 1955 and 1975. Mean Patch Fractal Dimension (MPFD) is 
the same for year 1955, 1975 and 2001 (1.04, 1.04, 1.04) and close to 1. Shape 
complexity level is the same and the shape is simple because MPFD is close to 1. Area 
Weighted Mean Patch Fractal Dimension (AWMPFD) is lower in year 1955 than 1975 
(1.83 VS 2.60), and decreased to 1.75 in year 2001, because MPS (Mean Patch Size) is 
much larger in year 1975 and larger patch weigh more than smaller patch. Overall, the 
conifer forest is distributed more scattered and the mean patch size is much smaller in 
2001, the shape complexity is at the same level in 1955, 1975 and 2001. 
 
Year 1955 1975 2001 
Class Hardwood Hardwood Hardwood 
AWMSI 36.10 4.88 6.71 
MSI 1.27 1.34 1.26 
MPAR 841.25 652.80 973.80 
MPFD 1.04 1.05 1.04 
AWMPFD 1.33 1.18 1.22 
TE 6370508.04 3608223.21 8186774.59 
ED 50.54 29.41 64.95 
MPE 2024.95 1637.12 1107.07 
MPS 15.18 11.07 6.45 
NumP 3146.00 2204.00 7395.00 
MedPS 0.43 0.87 0.24 
PSCoV 4002.87 673.83 1040.96 
PSSD 607.82 74.59 67.13 
Table 11. Pattern metrics for hardwood forest in 1955, 1975 and 2001. 
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From Table 11, for hardwood forest, Number of Patches (NUMP) decreased from 
3146 to 2204 during year 1955 and 1975, and then increased to 7395 in year 2001. It 
shows that hardwood forests are more scattered in 2001. And Mean Patch Size (MPS) 
decreased from 15.18 to 11.07 hectare in 1975 and decreased to 6.45 hectare in 2001. 
Patch Size Coefficient of Variance (PSCOV) and Patch Size Standard Deviation (PSSD) 
show that the variation of patch size is higher in 1955, but lower in 1975 and 2001. Total 
Edge (TE) decreased in 1975 but increased in 2001, because NUMP in 2001 is higher 
than 1955 and 1975, and MPS is lower in 2001 than 1955 and 1975. Edge Density (ED) 
has the trend as TE. Mean Patch Edge (MPE) decreased in 1975 and decreased in 2001 
because MPE=TE/NUMP; and NUMP is lower in 1975 and much higher in 2001, but TE 
is much lower in 1975. Mean Shape Index (MSI) increased from 1.27 to 1.34 in year 
1975, and decreased to 1.26 in year 2001. It shows that the patches irregularity level is 
higher in year 1975 than 1955, and patches irregularity level is lower for year (2001) 
because MSI is 1.26 and closer to 1. Area Weighted Mean Shape Index (AWMSI) 
decreased from 36.10 to 4.88 in year 1975, and increased to 6.71 in year 2001.The 
AWMSI difference between year 1955, 1975 and 2001 is higher than the MSI difference, 
because larger patches weigh more than smaller patches. Mean Perimeter-Area Ratio 
(MPAR) decreased from 841.25 to 652.80 in year 1975, and increased to 973.80 in year 
2001, because MPS (Mean Patch Size) is much smaller in year 2001 than year 1955 and 
1975. Mean Patch Fractal Dimension (MPFD) is almost the same for year 1955, 1975 and 
2001 (1.04, 1.05, 1.04) and close to 1. It shows that shape complexity level is almost the 
same and the shape is simple because MPFD is close to 1. Area Weighted Mean Patch 
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Fractal Dimension (AWMPFD) is high in year 1955 than 1975 (1.33 VS 1.18), and 
increased to 1.22 in year 2001, because MPS (Mean Patch Size) is larger in year 1955 
and larger patch weigh more than smaller patch. Overall, the hardwood forest is 
distributed more scattered and the mean patch size is much smaller in 2001, the shape 
complexity is almost the same in 1955, 1975 and 2001. 
 
Year 1955 1975 2001 
Class Mixed Mixed Mixed 
AWMSI 1.30 3.06 1.27 
MSI 1.18 1.32 1.14 
MPAR 523.84 604.78 1059.09 
MPFD 1.03 1.04 1.03 
AWMPFD 1.04 1.13 1.05 
TE 907922.11 2446659.08 2687541.53 
ED 7.20 19.94 21.32 
MPE 672.04 1335.51 249.35 
MPS 2.79 8.24 0.36 
NumP 1351.00 1832.00 10778.00 
MedPS 1.23 1.13 0.20 
PSCoV 172.18 427.82 145.28 
PSSD 4.80 35.26 0.52 
Table 12. Pattern metrics for mixed forest in 1955, 1975 and 2001. 
 
From Table 12, for mixed forest, Number of Patches (NUMP) increased from 
1351 to 1832 during year 1955 and 1975, and then increased to 10778 in year 2001. It 
shows that mixed forests are more scattered in 2001. And Mean Patch Size (MPS) 
increased from 2.79 to 8.24 hectare in 1975 and decreased to 0.36 hectare in 2001. Patch 
Size Coefficient of Variance (PSCOV) and Patch Size Standard Deviation (PSSD) show 
that the variation of patch size is higher in 1975, but lower in 1955 and 2001. Total Edge 
(TE) increased in 1975, and also increased in 2001, because NUMP in 2001 is much 
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higher than 1955 and 1975, and MPS is lower in 2001 than 1955 and 1975, and the class 
area in 1975 is highest. Edge Density (ED) has the trend as TE. Mean Patch Edge (MPE) 
increased in 1975 and decreased in 2001 because MPE=TE/NUMP. TE is higher is 1975 
and NUMP is much higher in 2001. Mean Shape Index (MSI) increased from 1.18 to 1.32 
in year 1975, and decreased to 1.14 in year 2001. It shows that the patches irregularity 
level is higher in year 1975 than 1955, and patches irregularity level is lower for year 
(2001) because MSI is 1.14 and closer to 1. Area Weighted Mean Shape Index (AWMSI) 
decreased from 36.10 to 4.88 in year 1975, and increased to 6.71 in year 2001.The 
AWMSI difference between year 1955, 1975 and 2001 is higher than the MSI difference, 
and AWMIS is highest in 1975, because larger patches weigh more than smaller patches. 
Mean Perimeter-Area Ratio (MPAR) increased from 523.84 to 604.78 in year 1975, and 
increased to 1059.09 in year 2001, because MPS (Mean Patch Size) is much smaller in 
year 2001 than year 1955 and 1975. Mean Patch Fractal Dimension (MPFD) is almost the 
same for year 1955, 1975 and 2001 (1.03, 1.04, 1.03) and close to 1. It shows that shape 
complexity level is almost the same and the shape is simple because MPFD is close to 1. 
Area Weighted Mean Patch Fractal Dimension (AWMPFD) is lower in year 1955 than 
1975 (1.04 VS 1.13), and increased to 1.05 in year 2001, because MPS (Mean Patch Size) 
is larger in year 1975 and larger patch weigh more than smaller patch. Overall, the mixed 
forest is distributed more scattered and the mean patch size is much smaller in 2001, the 
shape complexity is almost the same in 1955, 1975 and 2001. 
 
From the pattern matrix analysis of the 4 classes, the spatial patterns are clearly 
derived. The 4 classes have a more scattered distribution in 2001 than 1955 and 1975, and 
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the mean patch size (MPS) is lower in 2001 than 1955 and 1975. The shape complexity is 
almost the same level in 1955, 1975 and 2001. The landscape of Orange County became 
more fragmented and diversified since 1955. The results of pattern metrics are consistent 
with the hypothesis. 
 
Geospatial Analysis of Stable Forest Classes in Orange County 
 
The pattern metrics analysis shows the spatial configuration and dynamic pattern 
of each class in Orange County, but the change of the properties of the stable forests 
cannot be represented by pattern metrics analysis. The geospatial analysis of the forests in 
Orange County can provide important information on the forest structure. For a forest 
which experienced primary succession, the geospatial analysis of different years can 
show the change of the key parameters (tree crown size, forest density) of the forest 
through the years. The panchromatic images of the 2 patches used in the analysis are 
shown in Fig. 20-Fig. 21. The 1955 and 1993 aero photos are used. Due to the low 
quality of the 1975 aerial photo, the 1975 aerial photo is not used. The 2 patches and their 
land cover classes are listed below: 
? 　 Patch 1, which is covered by hardwood forest in 1955 and 1993;  
? 　 Patch 2, which is covered by conifer forest in 1955 and 1993; 
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Figure. 20(1) Patch 1 in 1955 
 
     Figure. 20(2) Patch 1 in 1993 
 
Figure. 21(1) Patch 2 in 1955 
 
Figure. 21(2) Patch 2 in 1993 
 
The fitted semi-variogram using exponential model and the empirical semi-
variogram calculated from IPW are plotted in the same panel and the results are shown in 
Figure 22-Figure 23. The blue solid line is the fitted semi-variogram, and red squares are 
the empirical semi-variogram. The parameters which describe the semi-variogram are 
listed in Table 13. 
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Figure 22(1). Semi-variogram of 
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Figure 22(2). Semi-variogram of 
hardwood in 1993 
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Figure 23(1). Semi-variogram of conifer 
in 1955 forest 
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Figure 23(2). Semi-variogram of conifer 
in 1993 forest 
 
Patch 1 (Hardwood Forest) 
Year 1955 1993 
R-
square 0.92 0.91 
Range 10.91 14.23 
Sill 642.72 763.46 
Table 13(1). Parameters of semi-
variogram in hardwood forest 
Patch 2 (Conifer Forest) 
Year 1955 1993 
R-
square 0.92 0.94 
Range 8.74 12.57 
Sill 573.42 832.54 
Table 13 (2). Parameters of semi-
variogram in conifer forest 
 
From Fig.22- Fig.23, the shape of fitted model is consistent with empirical semi-
variogram. From Table 13, the exponential model has a good fit to the empirical semi-
variogram, because the R-square is larger than 0.9. Woodcock et al. (1988 a) shows 3 
important relationships between semi-variogram and images. 1) The sill of semi-
variogram is related with the density of objects in the image; 2) The range of semi-
variogram is related with the size of objects in the image; 3) The shape of semi-variogram 
is more rounded when the variance of the object size increases. For the 1955 aerial photo 
 64 
(from Fig 21-1 to Fig 22-1), Patch 1 has a higher sill than Patch 2, because Patch 2 is 
more uniform than patch 1 and patch 1 has higher forest density. Semi-variogram of 
Patch 1 has a more rounded shape than that of Patch 2, because Patch 1 has a more 
variant distribution of crown size. In 1993 aerial photo (from Fig 22-2 to Fig 23-2), Patch 
2 have higher sill than Patch 1, because the forest density of Patch 2 is higher than that of 
Patch 1. And Patch 1 has more rounded shape than Patch 2 because crown size of Patch 1 
has higher variation. 
 
The above analysis confirms the conclusions from Woodcock et al. (1988 a). The 
semi-variogram can provide important spatial structure information of the forest, such as 
density of forests, crown size and variation of crown size. 
 
  
CONCLUSIONS 
This thesis investigated LCLUC in Orange County, North Carolina from 1955, 
1975 to 2001 through the combined use of land-cover maps derived from satellite images 
and historical aerial photos. I studied the “from-to” areal changes between land cover 
types as well as the spatial configuration of major land covers and the spatial structure 
changes in major vegetation types. The LULCC analysis found that Orange County 
experienced dramatic land conversions during the study period, particularly rapid urban 
expansion which is primarily at the expense of the agricultural field and forested land. 
This finding is consistent with the socio-economic development obtained from the census 
data during the same period, i.e. the rapid urban expansion is associated with dramatic 
urban population increase from 1955 to 2001. The employment in agriculture decreased 
and is consistent with the trend of agricultural area. 
 
Orange County not only experienced rapid LCLUC, the spatial configuration of 
the landscape also changed significantly. Pattern Metrics analysis showed that spatial 
organization changes in the 4 major land-cover classes, Conifer, hardwood, mixed forest 
and agricultural field, during 1955 and 2001. In 2001, the 4 major classes have a more 
scattered spatial distribution, larger number of patches, smaller patch size than 1955 and 
1975, but have almost the same shape complexity. 
 
For the stable forest which experienced primary succession, geospatial analysis 
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with semi-variograms found changes in canopy structure from 1955 to 1993 in the aerial 
photos for the conifer and hardwood stands. The ranges of the semi-variograms increased 
for both stands, indicating the growth of tree crowns in size. Moreover, the shapes of the 
semi-variograms change with those for 1993 are more rounded as a result of more 
variation in tree crown size. Therefore, the canopy structure becomes more complex for 
stable forests as a result of natural succession. 
 
The above analysis shows the land use/land cover change from 1955 to 2001 from 
multiple perspectives. The LULCC information derived in the analysis can be very useful 
for local government for land-use planning and natural resource management and 
conservation. 
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